Abstract-In the pursuit of fuel economy improvement and emission reduction, a trajectory optimization-based engine multioperating-point control strategy is proposed in this paper for the auxiliary power unit (APU) in an extended range electric vehicle. This strategy design deeply considers the transient process of the operating point switching that somehow influences the engine fuel economy and emission, and was often ignored. First, a combined cost MAP fully integrating several indices, including fuel consumption rate, CO, HC, and NOx emissions, is presented to synthetically evaluate the effect of the operation trajectory. Then an improved genetic algorithm, in terms of computational load reduction and convergence improvement, is employed to optimize the engine trajectory in the transient operating point switching process of the APU system, so that it is able to perform with the best fuel consumption and emissions. Finally, simulated and experimental results indicate that the proposed control strategy has obvious improvements in fuel economy and emissions, compared with conventional ones.
BEV commercialization process. Fortunately, compared with BEVs, extended range electric vehicles (EREVs) show salient advantages of longer driving distance and more flexible operation modes [1] [2] [3] [4] [5] , with a broad industrial and application prospect.
Recent EREV research mainly focuses on auxiliary power unit (APU) control and optimization. The conventional thermostat control strategy is advantageous in easy control and high efficiency, but in this case the battery has to cover the vehicle power demand in the charge depletion mode, which increases the battery capacity requirement and somehow shortens the battery life. The power following control could change the output power according to the battery state of charge (SOC), allowing the battery power to be in a shallow change and protecting the battery from over-discharging. On the other side, the engine power changes with vehicle driving conditions, which makes control difficult to be implemented in practice. In the meantime, its fuel economy and emissions are worse than those in the thermostatic control strategy. A comparative study of various control strategies for EREVs was introduced in [6] [7] [8] [9] [10] .
Some advanced intelligent algorithms e.g., dynamic programming (DP) have also been applied. In [11] , an improved thermostat/power tracking switching control strategy was presented, and meanwhile optimized the control parameters were optimized using the standard genetic algorithm (GA). [12] and [13] develop the equivalent consumption minimization strategy (ECMS) with a novel approach for an overall improved optimization performance. In [14] [15] [16] [17] [18] , the fuzzy control and dynamic programming methodologies were adopted to optimize the control strategy so as to save energy consumption. In addition, route information also has great impact on control strategy optimization. A route information-based control algorithm was proposed to transmit more engine power to driving motor without charge and discharge process in [19] . However, most of these studies focus on the steady-state overall control strategy and neglect the optimization of the transient operating point switching processes, which to some extent influences evaluation index.
As for optimal controls of APU, a chattering-free sliding mode (CFSM) optimum controller for an APU system [20] was synthesized to eliminate the discontinuity and chattering in control signal and to improve the transient performance. In [21] , an optimization algorithm based on trajectory optimization, was applied to determine the torque and speed reference signals for the engine-generator subsystem that achieve maximum ef- ficiency. However, the author did not regard emissions as one of the optimization goals, which will be taken into account in this paper. [22] presented a methodology of speed coordination control for engine-generator systems. A new APU operating point optimization approach based on particle swarm optimization (PSO) was provided in [23] . These studies are aimed at controlling APUs to stably run at their high efficiency operation points. Nevertheless, few of them take exhaust emissions as one optimization goal.
Actually the fuel consumption and exhaust emissions in the transient APU operating point switching process have substantial impact on the overall fuel economy and emission performance of vehicle [24] [25] [26] [27] . Therefore, this paper creatively optimizes not only the fuel economy but also the emission of APU transient trajectory at the same time. In order to optimize the transient process, an APU trajectory optimization strategy is proposed in this paper. Both the fuel consumption rate and emissions are involved as optimization indices, such that a new combined cost MAP of APU can be established. The operation trajectory of the APU system with the optimal efficiency and emissions is determined based on an improved genetic algorithm (IGA) for computational load reduction and convergence improvement.
This paper is organized as follows. Section II presents parameter matching with respect to vehicle dynamics analysis and calculation. Section III develops the engine multi-operating-point control strategy. Section IV presents an establishment methodology of the combined cost MAP and proposes the improved GA-based trajectory optimization scheme, where the relevant simulated results are provided as well. Section V sets up the experimental platform and shows experimental validation results. Section VI gives main concluding remarks.
II. POWERTRAIN CONFIGURATION
The EREV powertrain system is composed of the power battery, electric drive system, and auxiliary power unit (APU), as shown in Fig. 1 . EREVs mainly operate in pure electric drive mode, and in this case the driving force of the wheel is independently provided by the traction motor. The powertrain parameter matching could determine the vehicle's dynamic performance and fuel economy. The major overall specifications of the vehicle, i.e., the vehicle body and performance parameters, are given in Table I .
Some key components' parameters have been derived based on the operating conditions, requirements, and constraints. For instance, the motor has to meet the requirements under the conditions of the maximum speed, the largest gradeability, and the minimum 0-100 km/h acceleration time; the parameters of the power battery pack are determined according to the power/energy requirements; the APU operation should allow the vehicle to travel at 120 km/h in the case of low battery power. Table II gives the powertrain specifications.
III. MULTI-OPERATION-POINT CONTROL STRATEGY
In the EREV, the engine operating points can be controlled in the economic or high efficiency area, since there is no mechanical connection between the engine and wheel. The relevant major control strategies include the thermostatic control strategy, power-following control strategy, and thermostatic & power following control strategy.
The engine multi-operating-point control strategy is adopted in this paper. The engine is controlled to operate at several low fuel consumption points. The APU operating point switches with respect to the battery SOC and vehicle velocity. This strategy can effectively avoid the situation of power shortage and fluctuation of the engine speed. The engine operating points are determined based on the engine fuel consumption contour map and vehicle power requirement, as shown in Fig. 2 . Points A, B, and C lying in the high-efficiency area at the same torque for 10 kW, 18 kW and 30 kW, respectively, have been selected for the multi-operating-point control strategy.
These operating points are switched according to the vehicle speed and the battery SOC, and the following control rules are also described in Fig. 3 . 
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30 kW. The engine multi-operating-point control strategy for the extended range electric vehicle is modeled in the software of AVL/Cruise, and the vehicle control flow chart is shown in Fig. 4 . In the extended range mode, the engine operating points are switched according to vehicle speed. A driving cycle composed of four UDDSs is employed, and the actual and desired vehicle velocity curves are provided in Fig. 5 , showing that vehicle velocity tracking performance is satisfactory. In addition, engine speed and battery SOC curves are shown in Fig. 6 . It can be seen that the battery SOC changes steadily in a small range, which is conducive to the battery life.
The conventional thermostat control strategy is also modeled and simulated for comparison purposes. As displayed in Table III , the equivalent fuel consumption of the engine multi- operating-point control strategy is 6.48 L/100 km, whereas that of the thermostat control strategy is 6.76 L/100 km. The fuel consumption reduction is obvious (about 4.14%). Therefore the engine multi-operating-point control strategy is selected in this paper, and the improvement of the transient operating point switching process is discussed in the next section.
IV. TRAJECTORY OPTIMIZATION FOR OPERATING POINT TRANSIENT SWITCHING
The optimization of engine trajectory during the process of operating point switching is studied for the engine multioperating-point control strategy. Taking the current operating point and the combination of desired engine torque and speed as the starting and end points, respectively, a cluster of curves can be formed on the engine speed/torque map. The goal of trajectory optimization of the APU is to acquire the optimal trajectory in these curves. Genetic algorithm is adopted to analyze and solve the trajectory optimization problem in the transient switching process. First, an APU combined cost MAP is presented for the evaluation of optimization results.
The fuel consumption rate, CO, HC, and NOx emissions are used as the evaluation indices of trajectory optimization. Since the magnitude of these indices are not the same, it is necessary to normalize them based on the following formula.
where C i (w, T ) is the original cost value, and C ni (w, T ) is the normalized cost value. After the normalization process, the values of these indices will be limited to [0, 1]. After the normalization process, in order to convert this multi-objective optimization problem into a single-objective optimization problem, a weighting process is done by the following equation:
where l is the number of index,k i is the weighting coefficient, and C f is the combined cost. In this paper, the fuel consumption is the most important index such that its weighting coefficient is set to 0.7, while that of the other three indices is set to 0.1. The combined cost MAP is established after the normalization and weighting process, as shown in Fig. 7 . The speed, loss, and cost of the APU are the state variables i.e., x(t) = [ w W loss W cost ]
T , and the torques of the engine and generator are the control inputs, i.e., u(t) = [ T eng T gen ]
T . The APU state space equation is established, based on its dynamic characteristics. Furthermore, the fitness function of the genetic algorithm is established as follows:
where h 1 , h 2 and h 3 are the weighting coefficients, and they are determined to balance the magnitude of these three optimization goals.
For the APU trajectory optimization problem, there are mainly two constraints: the torques of the engine and the generator should be less than the maximum at the corresponding speed.
T eng (w) < T eng max (w) .
Moreover, the engine torque is limited by the maximum decrease rate and the maximum increase rate of fuel injection quantity, as delineated below
In order to facilitate the genetic algorithm to solve the problem, it is necessary to discretize the above state space equation using the following equation set where Δt is the sample time.
The constants in (8) are given as follows: J m = 1.1 kg · m 2 , B m = 0.0043, h1 = 4, h2 = 10, h3 = 30000, and Δt = 0.1 s. This global optimization problem is solved by the improved genetic algorithm (IGA) for computational load reduction and convergence improvement, and the basic mathematical model can be expressed as
where the argument variables sequentially present the coding method, fitness function, initial population, population size, selection operator, crossover operator, mutation operator, and termination condition, respectively. In the encoding scheme of IGA, floating-point numbers instead of binary numbers are used to represent the chromosomes. The torque values of the engine and generator are concatenated into different variable-sections, e.g., engine-section and generator-section. A chromosome is formed by cascading all the sections. This multi-section encoding scheme takes care of the possibility of the engine torques and generator torques with different constraints, such that the convergence can be improved. The selection operator uses the proportional selection method. The probability that each individual is selected is determined by its proportion of the population fitness value, which can be expressed as
In order to independently control the evolution process of engine torques and generator torques, the crossover is independently performed for each variable-section. Three methods of crossover, i.e., single point crossover, two point crossover and scattered crossover, are randomly applied in the crossover operator. Taking single point crossover method as an example, the genes of parents are randomly divided into two parts at a crosspoint position and a part of the gene exchanges, resulting in two new individuals.
In the mutation process, stochastic mutation method is applied in most GA, which may keep searching bad area with low fitness. Therefore a self-supervised mutation is proposed in IGA. In the self-supervised scheme, the mutation is firstly performed on the gene in a random direction. And then the mutation will continue if a better individual can be obtain in this direction, otherwise the mutation will stop. This method is helpful to find the best individual in one direction with less computational load.
where G i and G i+1 are the original gene and new gene, G li and G ui are the lower and upper bounds of G i , k i is a coefficient randomly initialized in mutation process. If the fitness value of G i+1 is greater than G i , this mutation operation will continue until their difference is smaller than e.
The fitness function curve of the genetic algorithm using MATLAB/Simulink is shown in Fig. 8 . It is clear that the fitness function value decreases with increased generation and tends to converge. The convergent generation is about 3000, whereas that of the simple genetic algorithm (SGA) is about 3800. The IGA is able to achieve much higher convergence rate and leads to savings on computational efforts of up to 70.2%, compared to SGA. The optimal trajectory is shown in Fig. 9 . The regular switching trajectory is depicted in Fig. 11 . The engine speed/torque curves for the optimal and regular trajectories are displayed in Figs. 10 and 12, respectively.
As shown in the Figs. 9-12, the optimal trajectory generally operates from the engine idling operating point to the desired operating point, along the high efficiency region of the engine MAP. In the regular method, the engine is controlled to speed up to the desired speed, and then its torque will increase to the desired torque gradually. Compared with the regular trajectory, the optimal trajectory for the transient operating point switching process shows much better performance, regarding the fuel consumption and emissions, as described in Table IV . The fuel consumption and emissions are calculated based on the data of the engine efficiency/emission MAP with time integral method, where the sampling time is 0.1 s.
V. EXPERIMENTAL VERIFICATION
In the experiments, the engine of the APU is replaced by motor 1, and motor 2 acts as the generator. Consequently, a down-scaled dual-motor experimental platform is built (see Fig. 13 ). In order to verify the trajectory-optimization-based multi-operating-point control strategy, the motor 1 is controlled to switch between the operating points, and the charging current for the battery is measured. The experimental platform photo is shown in Fig. 14 .
The basic parameters of the motor is shown in the Table V. The lithium-ion battery capacity is 40 Ah, and its nominal voltage is 61.2 V. Along with the optimal trajectory derived from the strategy in Section IV, the speed of the motor 1 is controlled to increase from 1000 rpm to 1500 rpm, and the load torque of the motor 2 changes from 17.5 Nm to 15 Nm. The motor speed/torque curves and the charging power curve are measured, as shown in Figs. 15 and 16 .
It can be discerned from the experimental results that the control strategy can effectively control the motor 1 to switch the operating points based on the demand power and to gener- ate different powers to charge the battery. Thus the trajectory optimization can be implemented. With the down-scale ratio from the real APU to the experimental platform, the starting point has the engine speed of 1280 rpm, and the corresponding torque is about 64 Nm. In the end, the engine speed rises to 1950 rpm, while the torque slightly drops to about 55 Nm. The motor employment to mimic the operation of the engine is an effective approach adopted by many researchers. It is reasonable to use the motor to simulate the speed and torque of the engine, since the response speed of the motor is typically much higher than that of the engine (the dynamic tracking precision can be high). There exists a ratio between the modeled fuel consumption/emission and the real values. With the analysis of the results of the down-scaled experiment platform, we can verify the rationality of the proposed strategy. By using a similar comparison between the two trajectories in Section IV, the improvements of the consumed fuel mass, CO, HC, and NOx, after integrating all the transient points with the switching process, are 9.2%, 11.5%, 8.1%, and 5.7%, respectively.
VI. CONCLUSION
This paper proposes an engine multi-operating point control strategy for the APU in an EREV, based on trajectory optimization, in order to improve fuel economy and emissions. The transient operating point switching process is fully considered. This study creatively optimizes not only fuel economy but also emissions of APU transient trajectory. A combined cost MAP of APU is established to evaluate both fuel consumption and emissions of trajectories. The improved genetic algorithm (IGA) utilized in the trajectory optimization can reduce 70.2% of computational load and improve the convergence rate of 21.1%. The operating trajectory of the APU system with the best fuel economy and emissions is ultimately determined. Numerous simulation and experimental results further confirm the correctness and effectiveness of the devised control strategy. His research interests include soft switching power converters and electric motor control systems.
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